Large uncertainties in global carbon (C) budgets stem from soil carbon estimates and associated challenges in distributing soil organic carbon (SOC) at local to landscape scales owing to lack of information on soil thickness and controls on SOC storage. Here we show that 94% of the fine-scale variation in total profile SOC within a 1.8 km 2 semi-arid catchment in Idaho, U.S.A. can be explained as a function of aspect and hillslope curvature when the entire vertical dimension of soC is measured and fine-resolution (3 m) digital elevation models are utilized. Catchment SOC stocks below 0.3 m depth based on our soC-curvature model account for >50% of the total SOC indicating substantial underestimation of stocks if sampled at shallower depths. A rapid assessment method introduced here also allows for accurate catchment-wide total soC inventory estimation with a minimum of one soil pit and topographic data if spatial distribution of total profile SOC is not required. Comparison of multiple datasets shows generality in linear SOC-curvature and -soil thickness relationships at multiple scales. We conclude that mechanisms driving variations in carbon storage in hillslope catchment soils vary spatially at relatively small scales and can be described in a deterministic fashion given adequate topographic data.
Large uncertainties in global carbon (C) budgets stem from soil carbon estimates and associated challenges in distributing soil organic carbon (SOC) at local to landscape scales owing to lack of information on soil thickness and controls on SOC storage. Here we show that 94% of the fine-scale variation in total profile SOC within a 1.8 km 2 semi-arid catchment in Idaho, U.S.A. can be explained as a function of aspect and hillslope curvature when the entire vertical dimension of soC is measured and fine-resolution (3 m) digital elevation models are utilized. Catchment SOC stocks below 0.3 m depth based on our soC-curvature model account for >50% of the total SOC indicating substantial underestimation of stocks if sampled at shallower depths. A rapid assessment method introduced here also allows for accurate catchment-wide total soC inventory estimation with a minimum of one soil pit and topographic data if spatial distribution of total profile SOC is not required. Comparison of multiple datasets shows generality in linear SOC-curvature and -soil thickness relationships at multiple scales. We conclude that mechanisms driving variations in carbon storage in hillslope catchment soils vary spatially at relatively small scales and can be described in a deterministic fashion given adequate topographic data.
Soil carbon (C) is a source of large uncertainty in both C cycling and global climate models [1] [2] [3] [4] [5] [6] with current global soil C estimates ranging from 1500-2400 Pg C 7 . Much of this uncertainty arises from the challenge of upscaling often highly spatially and temporally heterogeneous soil C stores measured at point scales to the landscape and global scale [8] [9] [10] . In particular, distributing soil organic carbon (SOC) stocks is difficult in complex terrain because of considerable heterogeneity associated with topography and soil thickness. Indeed, investigations of total catchment SOC inventories rarely quantify soil thickness despite a growing number of studies pointing to its importance in driving hydrologic and biogeochemical processes 11 and deep (>1 m) soil carbon storage [12] [13] [14] . The lack of SOC stock data at depths >1 m mostly reflects the physical and monetary cost of excavating soil below this depth. New methods that can predict variations in SOC inventories across complex terrain would improve estimates of carbon at the local to global scales 13, 15, 16 . Typical methods for estimating the spatial distribution of SOC stocks are based on soil taxonomic units 17, 18 , vegetation units 13, 19 , and increasingly on environmental covariates such as vegetation cover 20 and terrain attributes such as slope, elevation 21 , hillslope position [22] [23] [24] , and hillslope shape as measured by curvature 25 . Multiple regression, random forest modeling, and other methods have been employed and combined with standard geostatistical methods such as co-kriging to predict soil properties 20, [26] [27] [28] [29] [30] [31] [32] . Given the physical and monetary constraints of collecting these data, most methodologies quantify SOC stocks to specific depths, typically 0.3 m or 1 m, or extrapolate vertically from near-surface measurements 13, 20, 28, 29, 32 . Yang et al. 32 , for example, used remotely sensed vegetation indices, climate, and elevation covariates in combination with soil depth functions to derive a three-dimensional distribution of SOC inventories to 1 m depth for the entire Tibetan Plateau. Despite advances in relating SOC stocks to remotely sensed vegetation indices and terrain attributes, methods accounting for subsoil SOC stocks (>0.3 m) and the role of aspect and topography in controlling its distribution remain critical needs. Topographic controls may be especially important in dryland systems, where microclimate and redistribution of water, and thus soil thickness, are often strongly related to topographic characteristics and are considered to be some of the most responsive environments to global climate changes 37 . Recent studies show marked underestimation bias and differences among global climate models with respect to carbon (C) stocks and turnover in these regions 10, 37 . Much of the uncertainty associated with these simulations may be due to under-representation of topography in global models 11 and its influence on lateral redistribution of water and soil thickness 16 . More accurate descriptions of carbon stocks and how they interact with hydrologic processes mediating carbon turnover as well as better representation of variable soil thickness and total profile SOC inventory distributions have been identified as critical to advancing regional to global scale carbon modeling and predictions 13, 37, 38 .
Complex terrain, characteristic of many dryland regions, results in pronounced variation in soil thickness and SOC stocks and produces ecological and geomorphological environments that can result in microclimates rivaling broader climate controls 34, 39 . Seyfried et al. 34 showed, for example, that aspect-driven differences in mean annual soil temperature of 5.2 °C between north-and west-facing slopes at the same elevation were greater than the 4.4 °C difference associated with a 910-m elevation gradient spanning a 239 km 2 semi-arid catchment. Others have documented aspect-related differences in SOC storage in drylands 20, 40, 41 as well as more humid environments 42 owing to solar insolation and vegetation differences. Hillslope features such as slope and hillslope shape (i.e., whether convergent or divergent) can also strongly control microclimate because they influence the lateral redistribution of water, soil, and nutrients through soil catena relationships 43 . In particular, hillslope curvature, which describes hillslope shape by quantifying the rate of change in slope in all directions 44, 45 , has been identified as a key terrain attribute in controlling the redistribution of soil 46, 47 and consequently SOC inventories 23,48-51 . Yoo et al. 48, 49 , for example, showed total profile SOC to be strongly associated with hillslope curvature at the plot scale (0.008 and 0.0026 km 2 ) and more recently, Wang et al. 50 showed similar relationships at the hillslope scale (<150 m transect). Long-term model simulations have also correlated depth-integrated SOC stocks with local curvature 51 . While this previous work relates SOC stocks to curvature at the plot and hillslope scales and in modeled domains, it remains untested whether such patterns hold at the catchment spatial scale that is useful for prediction of total SOC inventory distributions, and whether these patterns are transferable to different soil types and climates.
A recent study by Patton et al. 35 introduced a simple empirical model predicting the spatial distribution of soil thickness that holds insights into extending these observations to the catchment scale. Across a diverse dataset, Patton et al. 35 showed that the thickness of the mobile regolith (TMR), which describes the portion of the soil profile moved via mixing or slope processes 52 (to which we refer simply to as soil thickness hereafter), varied linearly with hillslope curvature but the slopes and intercepts of these linear functions varied. Surface roughness-as measured by the standard deviation in catchment curvatures distributions-was associated with the slope of the linear soil thickness-curvature relations for each catchment, with increased surface roughness resulting in a decrease in the slope function towards zero. Catchment curvature distributions were also shown to be normal and centered on zero curvature (0 m −1 ) such that the most frequent (or mean) soil thickness within each catchment (i.e., the intercept for thickness-curvature relations) could be determined from a planar surface (at 0 m
−1
). These findings indicate that (1) topographic metrics of curvature are useful for predicting the entire vertical dimension of soils (not just the surface characteristics), and thus (2) topographic metrics may be more useful in the prediction of spatial distributions of SOC stocks than previously considered.
Here we show the generality of two methods of estimating SOC stocks at the profile to catchment scale that rely on fine-resolution topographic data and limited soil measurements. We perform similar analyses for soil total nitrogen (N) (available in Supplementary Information) but emphasize SOC analyses and discussion hereafter. We first describe and quantify the spatial distribution of SOC pools as it varies with respect to aspect and hillslope shape in a semiarid catchment in the Reynolds Creek Experimental Watershed (RCEW) and Critical Zone Observatory (CZO) in southwestern Idaho, USA (Fig. 1) . We focused our study on Johnston Draw (JD), a 1.8 km 2 granite dominated sub-catchment situated in the western portion of the RCEW and oriented east to west. Soil creep due to bioturbation of burrowing animals and freeze-thaw cycles are the primary soil transport mechanisms observed at JD. We hypothesized that hillslope curvature and aspect determine catchment scale distributions of SOC stocks across dryland ecosystems. Specifically, we expected that (1) north-facing aspects would contain larger total SOC stocks than south-facing aspects owing to greater moisture content and carbon inputs, and (2) convergent topography would have larger total SOC stocks than divergent topography owing to greater soil thickness and lateral transport. We tested these hypotheses by measuring total profile SOC stocks at 39 soil pits that were randomly stratified across six elevation bands and then later supplemented by 6 additional pits to represent the full range of hillslope curvatures observed in the granitic portion of the catchment. We excavated each soil pit vertically to depths below the mobile-immobile regolith (saprolite) contact and determined total profile SOC stocks. We then estimated the total catchment SOC inventories by distributing our total profile SOC stocks estimates based on two hillslope curvature-SOC functions (see Methods and Materials). We compared our total catchment SOC estimates to those derived from other commonly measured depths (0.05 m, 0.1 m, 0.2 m, 0.3 m, 0.5 m, and 1 m) and other common extrapolation methods. We also introduce a new rapid soil carbon estimation method, which is based on the finding of Patton et al. 35 that planar surfaces represent catchment-average soil thickness, and thus SOC inventories can be determined from high-resolution topographic information and a limited number of measured soil profiles on planar surfaces, and these estimates can then be used to estimate catchment SOC stocks. Finally, we compare our findings to similar datasets [48] [49] [50] 53 from arid to mesic sites (Table 1) to evaluate the generality of topographic controls such as curvature and soil thickness on total profile SOC stocks.
Results
Variation in measured soil thickness and organic carbon content with aspect and hillslope shape.
For excavated soil pits, soil thickness to saprolite on north-facing aspects varied from 0.17 m in divergent areas to 2.13 m in convergent zones, whereas thickness on the south-facing aspect varied from 0.18 m in divergent to 1.55 cm in convergent zones (Fig. 1) . The average modeled thickness was not significantly different with aspects, 1.31 ± 0.56 m (n = 18) and 0.77 ± 0.34 m (n = 21) on north-and south-facing aspects, respectively (t = 0.82 < critical t 0.05,37-two tailed = 2.026).
All soil profiles showed a roughly exponential decline in SOC density (kg C m −3
), the total SOC stock normalized by the thickness interval through the entire depth profile from the surface to the mobile-immobile regolith interface (Fig. 2a) . Consistent with our expectations, north-facing sites contained significantly higher total profile SOC stocks (Fig. 2b ) than south-facing sites, 20.5 ± 2.24 kg C m −2 compared to 6.98 ± 2.12 kg C m , respectively (F ratio = 19.3, p > 0.0001). Also consistent with our expectations, convergent areas contained significantly larger total profile SOC stocks than divergent regions: 24.90 ± 2.07 kg C m −2 compared to 3.89 ± 1.99 kg C m −2 , or 6.4 times more (F ratio = 27.24, p < 0.0001) (Fig. 2b) .
Total profile SOC stocks varied as a positive linear function of curvature and co-varied with northand south-facing aspects (n = 13, R 2 = 0.83, RMSE = 5.61 kg C m −2 , p < 0.0001 and n = 14, R 2 = 0.73, RMSE = 2.24 kg C m −2 , p < 0.0001, respectively) (Fig. 3) . SOC validation sets showed that predicted total-profile SOC agreed well with observed values for both north-and south-facing aspects (north: n = 5, R 2 = 0.97, RMSE = 2.98 kg C m −2 , p < 0.0025 and south: n = 6, R 2 = 0.75, RMSE = 3.10 kg C m −2 , p < 0.0266, Fig. 3 ) with no significant difference in slope from 1 (t = 0.25 < critical t 0.05,4 = 2.78 and t = 0.11 < critical t 0.05,5 = 2.57, respectively). Similar agreement existed for hillslope curvature-soil total N relationships ( Supplementary Fig. S1 ).
spatial distribution of soil organic carbon. We used the two SOC-curvature functions (Fig. 3) to quantify total profile SOC stocks for each 3 m cell in the JD catchment. Figure 4 illustrates the spatially distributed catchment total SOC inventory estimate for JD based on the SOC-curvature approach; the average total profile SOC stock was 12.3 kg C m −2 (range: 9.4-15.7), and the total catchment SOC inventory was 15,807 Mg C (range: 12,060-20,173) ( Table 2 ). North-facing aspects had proportionally more total catchment SOC per area, depicted by darker browns, compared to south-facing slopes, depicted by lighter tans (Fig. 4) . Indeed, north-facing aspects contained 50% of the total catchment SOC despite comprising only 38% of the granitic portion of the catchment (Fig. 4b,c) . Convergent topography comprised 61% of the total catchment SOC inventory (9,417 Mg C, mean 22.5 kg C m −2 ) ( ). These values compare to catchment average total profile SOC stocks on north-facing aspects that were approximately 3 times higher than south-facing aspects, and catchment average total profile SOC stores in convergent areas that were greater than 6 times than divergent hillslopes ( Fig. 4b and c) . Table 2 ). The large quantities of carbon found at depth indicate substantial underestimation of total catchment SOC inventories if SOC is only sampled at shallower depths ( Table 2 ). This is also true for spatially distributed estimates of total nitrogen (N) (Supplementary Fig. 1 ). www.nature.com/scientificreports www.nature.com/scientificreports/ Model comparison to other spatial interpolation techniques. We compared the performance of our model to other common spatial interpolation techniques such as kriging with barriers and regression kriging (Table 3 ) using the same available data; we purposely did not bring in additional variables with the other spatial interpolation techniques in order to test the performance of our model relative to others with similar available input data. In general, other techniques provided similar total catchment SOC estimates to our model. However, they did not distribute SOC stocks accurately, as summarized by a lower model validation R 2 and higher RMSE and SDPE ( Fig. 5 ; Table 3 ). Only regression kriging (RK), which used hillslope curvature as an environmental parameter, predicted the spatial distribution of total SOC stocks well (R 2 = 0.82, RMSE = 4.77 kg C m
−2
). Indeed, RK model performance was much higher than other kriging methods, largely owing to its semivariogram utilizing the curvature-SOC relationship. The rapid carbon method showed good agreement with total catchment SOC inventories from the curvature-SOC approach (13,888 compared to 15,163 Mg C). However, the spatial distribution of SOC stocks based on the rapid carbon method only performed about as well as kriging with barriers. We expand on the possible practical utility of the rapid carbon method in the discussion.
Cross-site comparison. Similar analyses with other comparable datasets (Table 1) revealed consistent linear relations between total profile SOC stocks and curvature (Fig. 6a) as well as SOC stocks and soil thickness (Fig. 6b) ; however, y-intercepts and slopes varied. We note that these comparisons were conducted using 5 m Table 1 . Site characteristics including major aspect, ecosystem, lithology, soil transport mechanism, mean elevation, mean annual temperature (MAT), and mean annual precipitation (MAP) for the cross-site analysis. www.nature.com/scientificreports www.nature.com/scientificreports/ resolution digital elevation model (DEM) because most other datasets were collected at this scale. Interestingly, all SOC-curvature data fell within an envelope bounded by JD-south and JD-north (Fig. 6a ). Black Diamond (BD) and Tennessee Valley (TV) SOC-curvature slope functions were not significantly different than JD's north-facing function (t = 0.47, p = 0.64, df 27 and t = 0.46, p = 0.65, df 44, respectively) whereas Frog Hollow (FH) and Nunnock River (NR) SOC-curvature slope functions were not significantly different than JD's south-facing slope function (t = 1.35, p = 0.19, df 27 and t = 1.71, p = 0.098, df 28, respectively). In contrast, BD and TV SOC-curvature intercepts, 14.53 ± 0.84 and 12.16 ± 0.59 kg C m −2 respectively, were marginally to significantly different than the JD-north intercept of 18.68 ± 2.02 kg C m −2 (t = 1.89, p = 0.06, df 27 and t = 3.08, p = 0.004, df 44). FH and NR intercepts, 4.39 ± 0.58 and 5.56 ± 0.53 kg C m −2 , were significantly different than the JD-south intercept of 7.602 ± 0.92 (t = 2.95, p = 0.006, df 28 and t = 1.92, p = 0.06, df 27, respectively). Total profile SOC stocks at other Reynolds Creek CZO sites dug to the mobile regolith boundary (n = 34 soil pits) fell within an envelope bounded by the JD-south and JD-north SOC-curvature relationships.
The SOC-soil thickness functions fell within a narrow range, with slopes ranging between 6.32 to 20.2 g m −3 . Similar to the SOC-curvature relations, TV's SOC-thickness slope function was more similar to the JD-north than JD-south function; however, lower carbon densities at TV compared to JD-north were reflected in their significantly different slopes (t = 2.47, p = 0.017, df 44). BD, FH, NR and JD-south exhibited even lower carbon densities; slopes from these sites were not significantly different from one another (t = 1.57, p = 0.127, df 30, t = 0.76, p = 0.45, df 28, and t = 1.44, p = 0.16, df 27, respectively).
Discussion
Jobbágy and Jackson 12 proposed that semi-arid ecosystems contain some of the deepest stores of SOC, but these authors and many others 13, 20, 21, [26] [27] [28] [29] [30] [31] [32] extrapolated SOC stocks to greater depths from information obtained at shallower depths. Here we quantified the total catchment SOC inventories and showed that much of the variation in total profile SOC stocks could be explained by hillslope curvature if the entire soil profile was sampled to the mobile-immobile regolith boundary (Fig. 3) . Indeed, our predicted total profile SOC stocks based on the SOC-curvature relationship agreed well with observed total profile SOC stocks (R 2 = 0.94, RMSE = 3.43 kg m −2 ) ( Table 3) . Whereas other studies have also shown larger total profile SOC stocks in convergent compared to www.nature.com/scientificreports www.nature.com/scientificreports/ divergent areas 54, 55 , our study identifies fundamental relationships between total profile SOC and hillslope curvature that allow for total catchment SOC inventory predictions with high accuracy (Figs 3 and 4) . Collectively, our findings indicate that the topographic metric of curvature is an excellent predictor of total profile SOC stocks.
Consistent with our expectations and other studies 20, [40] [41] [42] , we found significantly higher SOC stocks on northcompared to south-facing aspects. The aspect patterns that we observed can be partially explained by higher water storage (1.4 times greater on north than south) and lower temperatures on north-facing slopes than south-facing aspects (7.5 ± 0.47 °C compared 12.5 ± 0.12 °C, mean ± SE, n = 4 and 3 micrometeorological stations) owing to decreased solar radiation and increased canopy cover 56, 57 . Interestingly, Patton et al. 35 estimated similar catchment-average soil thickness values for north-and south-facing aspects, 1.00 ± 0.02 m and 0.98 ± 0.02 m (mean ± std error), respectively. Although soil thickness as defined in this study does not include immobile regolith that likely extends to greater depths and varies with aspect 58 , it contains little organic carbon (0.02-0.05%). Given the similar central tendencies in coarse fraction, texture and soil thickness values throughout the catchment, these findings indicate that both aspects have the same potential volumetric carbon storage capacity 59 . The variation in total SOC inventories associated with aspect or curvature must therefore reflect differences in carbon fluxes in and out of these different spatial domains and positive feedbacks associated with higher soil moisture, greater productivity, and more carbon inputs to soil. Findings from humid 42 and dryland studies 20, 40, 41 support these inferences showing increased surface SOC storage on the north-compared to south-facing aspects. Estimates of total SOC stocks were extrapolated across the granitic portion of the Johnston Draw catchment using a 3 m DEM and the curvature-SOC functions developed from a model set (triangles), and were tested against a validation set (hexagons). The predictive map suggests visually that total SOC stocks vary with aspect and hillslope shape. Total SOC stocks are low on ridges and noses (light tans) and increase towards hollows and valleys (dark browns). Bar graphs represent the estimated total catchment SOC inventory (b) and total profile SOC stocks (c) for Johnston Draw with the upper 95% and lower 95% confidence limits based on relationships presented in Fig. 3 . Percentages depict proportions of total SOC (b) and total land area (c) in each category (e.g., aspect or hillslope shape) for the entire catchment. www.nature.com/scientificreports www.nature.com/scientificreports/ Combined with aspect effects, our deterministic curvature-SOC approach (Fig. 3 ) allows us to represent local, within-aspect SOC variations due to the dependence on curvature (Fig. 4) . Because it incorporates the entire soil profile in a systematic way, it allows accurate estimates of SOC stocks across the landscape and at relatively small spatial scales (3 m). Indeed, we estimated that 51.6% of the total catchment SOC inventory was found below 0.3 m indicating substantial underestimation of carbon stocks if sampled only at shallower depths. These findings are consistent with Lozano-Carcia et al. 41 who found 41% of the total SOC stock below 0.25 m in their 0.75 m soil profiles. Similar to Yoo et al. 48, 49 and Wang et al. 50 , we found convergent topography contained substantially more total SOC, >60% of the catchment SOC inventory. However, unlike their studies where SOC storage was only evaluated on a singular aspect, we showed that the largest stocks of total SOC were concentrated on the north-facing slopes, specifically in the convergent regions. The north-facing aspects contained 50% of the total catchment SOC despite representing 38% of the total land area. The relatively high total SOC contents measured at all sites (1.7 to 48.1 kg C m −2 ) on relatively steep hillslopes at Johnston Draw rival values found in productive grasslands 13 and indicate that deep SOC storage is not limited to flat, stable surfaces. Overall, these findings indicate that substantial soil carbon stocks can be associated with complex terrain and they vary spatially at relatively small scales (3 m).
The fine-resolution total profile SOC stock maps (Fig. 4 ) and total N ( Supplementary Fig. 1 ) allow for development of predictions of sources of SOC and N to streams that will likely improve understanding of the linkages between soils and streams 55, 60 and prediction of hot spots in biogeochemistry 60, 61 . Sanderman et al. 55 and Lohse et al. 60 showed, for example, that hollows or convergent areas in zero-order catchments with high SOC stocks and TN were primary sources of DOC and nitrate (biogeochemical hotspots) to streams. On a practical side, these fine-resolution SOC and total N mapping might aid in the placement of instrumentation. For example, soil solution samplers might be placed in convergent areas with low C:N ratios calculated from SOC and N maps with the expectation that higher rates of mineralization and therefore nitrification might take place in these regions. In addition, our approach generally requires fewer samples, only those required to establish the SOC-curvature functions, whereas kriging methods generally require considerably more samples for similar accuracy (>100) 62 . More generic distribution methods, such as kriging, provide reasonably accurate estimates of overall average SOC stocks. However, these models lack SOC-topographic information, "smooth" the SOC landscape, and thus fail to capture the true variability in SOC (e.g., Fig. 5 ). Regression kriging (RK) with curvature as a predictor variable in Table 2 . Summary of curvature-SOC function evaluation indices derived from commonly sampled depths and from the entire soil profile. Indices include the coefficient of determination (R 2 ), root mean squared error (RMSE), mean prediction error (MPE), and standard deviation of prediction error (SDPE). The average, total, and relative SOC inventories within the granitic portions of Johnston Draw are also reported for each depth. Relative SOC inventory is compared to the modeled total SOC inventory for the entire profile at the catchment scale. The strength of the curvature-SOC relationship increases with depth, and the typical shallow (<0.3 m) focus for assessment of SOC stocks may explain why curvature has been overlooked in previous studies. , indicate better model performance. The Rapid SOC Budget method produces realistic total soil carbon estimates for the entire catchment, suggesting that it may be a cost-effective and efficient way of estimating total SOC in a catchment, although the SOC-curvature and regression kriging methods perform better.
Method
www.nature.com/scientificreports www.nature.com/scientificreports/ our study accurately captured spatial variations in SOC stocks despite a relatively small sample size, and resulted in a distribution of SOC storage similar to the curvature-SOC approach. We expect the reason that this approach was so successful is because it incorporates both the SOC-curvature relationship and the observed spatial patterns Table 2 ) within the granitic portion of the Johnston Draw catchment. SOC stocks vary from low to high values (light tans to dark browns) across the catchment. Table 3 summarizes estimated total SOC stocks, percent SOC relative to the SOC-curvature method (shown in (a)), and validation indices for each method. www.nature.com/scientificreports www.nature.com/scientificreports/ of SOC stocks in the building of the RK model. Future improvements to the model include integrating these findings with transport, erosion, deposition models 51, 63 and linking these analyses to "top-down" remote sensing techniques for detection of surface SOC pools 64, 65 . We suspect that some of the scatter in our model (Fig. 3 ) may also be due to differences between plant and interplant spaces that can be significant in dryland ecosystems 66 . Remote sensing methods may better capture this variation and be complementary to efforts by the digital and global soil mapping community 67 . The fact that we determined SOC stocks through the full soil profile across an entire catchment, rather than a fixed depth or along ideal hillslope transects, may partially explain why curvature has not been identified as a useful environmental variable in previous studies 46, 54 . Our work is consistent with site-specific observations by Yoo et al. 48, 49 and Wang et al. 50 of SOC-curvature and thickness relations at the plot and transect scale, respectively. However, our cross-site findings show the generality of these relations and show possible transferability across scales ( Table 1 ). The generality of curvature-SOC relationships may have been previously overlooked because fine-resolution curvature estimates are only now becoming more widely available through more ubiquitous Light Detection And Ranging (LiDAR) flights. A sensitivity analysis conducted by Patton et al. 35 showed the highest correlation between soil thickness to saprolite and curvature at the 3 m DEM resolution; soil thickness-curvature relations estimated at lower resolutions (5-30 m DEM) resulted in deterioration of these relationships. Consistent with this analysis, our cross-site comparison revealed overall weaker correlations in SOC-curvature and SOC-soil thickness compared to our initial analyses (Fig. 3) because of the 5 m resolution curvature data used for the cross-site analysis. Despite this lower resolution, we still found relatively strong patterns at a larger catchment scale and across multiple sites (Fig. 6 ). Because these relationships are sensitive to scale, we expect SOC stock predictions to improve as SOC-curvature analyses are conducted at the resolution that best characterizes the land surface (e.g., 3 m 2 in the case of JD). Our findings of similar linear SOC-curvature as well as SOC-thickness relationships across our cross-site dataset (Fig. 6 ) indicate that these linear relationships are more general than appreciated, though determining the mechanisms underlying these patterns remain a challenge. Yoo et al. 48, 49 and Wang et al. 50 explored in detail the processes underlying the strong association of SOC stocks with curvature and thickness and concluded that site-specific SOC-curvature associations were related to differences in soil thickness driven by soil production and erosion. At their sites where productivity was evenly distributed across the hillslope, patterns of SOC accumulation reflected these high rates of primary productivity (inputs) and mineralization/decomposition (outputs) relative to topographic position (sedimentation in concave areas and erosion in convex areas). Yoo et al. 49 concluded that erosional deposition of SOC contributed little to SOC in concave areas. While productivity and SOC accumulation are not evenly distributed across JD (Fig. 4) , studies in the RCEW have measured higher rates of net ecosystem productivity in aspen than sagebrush 68, 69 (>150 g m −2 yr −1 ) and relatively low particulate organic carbon export (mean ~1 g m −2 yr −1 in JD) that support the idea of high biological cycling rates relative to erosion rates 48, 49 . The SOC-curvature slope analyses (Fig. 6a) indicate that BD, TV and JD-north have a similar ability to increase or decrease SOC stocks per unit curvature and indicate potential steady-state of both soil thickness and SOC stocks in all of these systems. Our study design and scope of work prevent us from further evaluating the underlying mechanisms driving these patterns. Future research is merited on this topic, and further work is also needed to assess whether the JD-north line holds in wetter environments (>1500 mm mean annual precipitation) or possibly defines the maximum rate of SOC gain per curvature.
While we observed general linear relations between SOC stocks and curvature (Fig. 6a) , the slope function and intercept values of these relationships varied substantially. Based on our previous findings 35 , differences in SOC-curvature slope functions may be explained by catchment surface roughness, which has been shown to be closely tied to soil thickness. We also interpret differences in the SOC-curvature y-intercept values as differences in average catchment SOC inventory, which again is closely associated to the catchment curvature distribution and soil thickness.
To further evaluate the role of thickness in driving the SOC-curvature relationship, we plotted the SOC-soil thickness relationship (Fig. 6b) . The SOC-soil thickness relationship (Fig. 6b) is quite useful for normalizing SOC relative to soil thickness and thus comparing carbon density or the carbon storage capacity of systems. Whereas BD and TV have similar SOC-curvature slope functions, the BD SOC-soil thickness slope function is much lower than TV and JD-north, indicating lower carbon densities likely owing to climate differences (Table 1 ). In contrast, TV is similar to the JD-north relationship even though it receives twice the amount of precipitation indicating possible lithological constraints on SOC storage at this site (e.g., coarse fraction content and soil texture) 48, 49 . We posit that deviations from the SOC-curvature line may be useful indicators of whether a system is out of steady state. In contrast to our study sites that appear to have slope-dependent sediment flux, which may ultimately explain why soil thickness is curvature dependent 70 , landscapes that are undergoing episodic mass soil movements or accelerated erosion due to tillage, stream incision, gullying and landslides may experience substantial loss in SOC stocks and therefore not be in steady state 71 . In these landscapes, SOC storage may only partially be related to curvature.
It has been suggested that SOC stocks in erosive landscape positions may become replenished post-perturbation through dynamic replacement while increasing SOC stocks in depositional areas [72] [73] [74] . However, quantifying these potential C source and sink dynamics remains a challenge and is highly debated 75, 76 . As such, deviations in observed SOC from the predicted curvature-SOC line may help in quantifying potential C source and sink terms in complex terrain by revealing the SOC stocks that cannot be explained by soil thickness controls alone. For example, the modeled curvature-integrated SOC curves showing non-linear increases in SOC in concave areas in Rosenbloom et al. 51 may reflect additional storage of eroded SOC in these depositional areas, which is consistent with dynamic replacement.
The success of the curvature-SOC model depends on the availability of samples collected to the mobile-immobile boundary and fine-resolution (e.g., LiDAR) digital elevation data because much of the observed variability is correlated (2019) 9:6390 | https://doi.org/10.1038/s41598-019-42556-5 www.nature.com/scientificreports www.nature.com/scientificreports/ with topographic variations at approximately a 3 m scale. Currently, limited measurements of carbon to the depth of the mobile regolith (TMR) constrain the application of this model. Studies that dig to refusal, bedrock or at a predetermined depth may include or exclude portions of the mobile regolith resulting in inconsistencies in total-profile SOC estimates. In addition, soil-sampling methods such as augering may underestimate thickness in rocky soils and/or overestimate depth if penetrating fractures in bedrock. Without properly identifying the mobile regolith boundary with soil pits, the likelihood of identifying accurate topographic relationships is low.
The accuracy of our estimates also depends on the SOC-curvature functions shown in Fig. 3 . These functions in other environments will likely depend strongly on catchment curvature distributions. Patton et al. 35 showed that spatially distributed soil thickness can be determined from knowledge of the frequency distribution of curvature within a catchment, with narrower distributions yielding better model performances than broader ones. Similarly, uncertainty in the SOC-curvature models will likely increase as the spread in the curvature distribution increases such that the predictive capability of the model will decline in these regions. However, catchment curvature distributions can be rapidly assessed in a geographical information system and used to determine model suitability for predicting SOC from curvature. Similar to the TMR-curvature method described by Patton et al. 35 , the SOC-curvature method is limited to soil-mantled landscapes dominated by diffusion-like processes; rock outcrops and stream channels may result in local disturbances to controls on soil thickness and SOC, and features that will not be captured in the SOC-curvature model should be removed before landscape SOC analysis (see Methods and Materials for more details). Other possible limitations to the model include uncertainty in estimating SOC stocks in environments such as colluvium where it is difficult to define the basal boundary, in floodplains where materials are introduced and exhumed with disturbance events, in aeolian landscapes where atmospheric inputs drive soil development, and in glaciated landscapes where erosion or deposition may smooth the landscape. Our model has also not been tested in more stable landscapes with deeper soils, which will likely exhibit thicker immobile regolith, saprolite, which is another feature not captured by our SOC-curvature model. Tests in these environments are warranted.
Unlike the curvature-SOC methods, the rapid assessment carbon method that we report provides a new method for total catchment SOC estimates. In contrast to the curvature-SOC method that requires prior knowledge of the curvature-SOC relationship and where uncertainty in the model will likely increase as the spread in the catchment curvature distribution increases, the rapid carbon method does not rely on curvature to be a good predictor of SOC stores. Rather, this method takes advantage of observation that the catchment curvatures are normally distributed and centered around planar surfaces (0 m −1 ) such that soil thickness and thus SOC on a planar surface represents the mean thickness 35 and mean total profile SOC per area of the catchment, respectively. Indeed, in Patton et al. 35 , eight diverse catchments were shown to have catchment curvatures normally distributed and centered around planar surfaces (0 m −1 ) when the catchment boundary was delineated. Application of the rapid carbon method using BD and TV intercept values (0 m −1 ) in Fig. 6a yielded 37.2 ± 2.2 tC (mean ± SE) and 97.6 ± 0.5 tC, likely within error of BD and TV estimates of 37 and 110 tC from Yoo et al. 49 . These findings provide further validation of the rapid carbon method. Another benefit of this method is that it requires little sampling. If no aspect differences in SOC exist, which is likely in humid regions, one sample can be collected through the entire vertical dimension of the soil profile on a planar surface, and this will represent the average total-profile SOC stock which can be used to estimate the catchment SOC inventory. If aspect differences are apparent, one total-profile SOC stock estimate from a planar surface for each aspect (a total of two-four soil pits) can be used to determine an unbiased estimate of the total catchment SOC inventory. Finally, although the rapid assessment cannot distribute carbon in spatially explicit way, errors in total SOC inventory estimates associated with this method are substantially smaller than kriging-based estimates (Fig. 5 and Table 3 ). Future application of this method may include strategic repeated sampling on a planar surface to determine changes in catchment SOC inventories in response to perturbation, remediation or environmental change. To this end, we conclude that the rapid method can provide rapid and cost-efficient total SOC stocks across complex terrain and possibly provide strategic sampling points for monitoring catchment SOC inventories responses to perturbations or remediation.
Conclusion
Our results indicate that the mechanisms driving variations in carbon storage in hillslope catchment soils vary spatially at relatively small scales and that they can be described in a deterministic fashion given adequate topographic data. We documented two important local topographic controls on SOC stock distribution in semiarid systems: aspect, with north-facing slopes containing roughly three times the SOC concentration as analogous south-facing slopes; and hillslope curvature, which strongly controls the redistribution of water and thickness of mobile regolith and therefore SOC content. Similarly, other soil properties such as total N also vary predictively with hillslope curvature, suggesting that curvature has a potential to be a multifaceted proxy for many soil characteristics at the fine scale. Our findings also highlight that greater than 50% the total catchment SOC inventory is found at depths greater than 0.3 m, indicating underestimations in local to global SOC stocks.
The general linear SOC-curvature and SOC-thickness relationships across sites indicate that topographic properties such as curvature contain more information on soil characteristics at multiple scales than previously appreciated. That is, SOC-curvature relationships can provide a better way to distribute SOC stocks systematically across a catchment. In combination with SOC-thickness relationships, these relationships provide useful insights into soil carbon storage capacity of systems and mechanisms driving these relationships. The quick carbon assessment method introduced here and validated with other comparable datasets allows rapid and efficient estimation of catchment SOC stocks with as few as one soil pit from a planar surface to estimate the catchment average total profile SOC inventory.
We conclude that accurate spatial distributions of total carbon and nutrient stocks from the soil surface to the saprolite can be achieved with significantly less labor and cost using high-resolution elevation data and a limited set of soil thickness measurements. Our findings provide new tools and insight to investigate mechanisms driving local to regional carbon fluxes and stocks.
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Methods and Materials
Study Area. We conducted the study at the United State Department of Agriculture, Agricultural Research Service (USDA-ARS) Reynolds Creek Experimental Watershed (239 km 2 ), and Reynolds Creek Critical Zone Observatory (RC CZO), located within the Owyhee Mountain Range in southwestern Idaho, USA. We focused our study on Johnston Draw, a 1.8 km 2 sub-catchment situated in the western portion of RC CZO and oriented east to west (Fig. 1) . The mean annual precipitation is 550 mm and mean annual temperature is 7.4 °C near the bottom of the catchment. Johnston Draw falls within the rain-snow transition at elevations ranging from 1490 m to 1850 m. Precipitation typically occurs in late fall and continues throughout the winter months with relatively dry summers. Lower elevations receive precipitation as rain while higher elevations receive precipitation as snow, which accumulates in the upper basin as drifts 56 . Wyoming Big Sagebrush (Artemisia tridentate ssp. wyomingensis) and bitterbrush (Purshia stansburyana) are the dominant plant species representing 50-75% of the catchment, with mountain mahogany (Cercocarpus ledifolius), aspen (Populus tremuloides), and western juniper (Juniperus occidentalis) being minor components. The lithology is primarily ~66-62 Mya biotite muscovite granitediorite and quartz monzonite, from the Idaho Batholith 77 . The relatively spatially continuous lithology contributes to a consistent sandy loam soil texture throughout most of the catchment across curvature and depth (Supplemental Table S1 ) (average: 67% sand, 18% silt, and 15% clay, n = 181). Compared to texture, coarse fraction (CF) increased with depth (Supplementary Table 1 ) with an average CF size of 2-8 mm and percent content by volume of 15.5 (range 1.08-48.4). Minor lithologic discontinuities include a combination of quartz latite and rhyolite flows covering the high plateau at the top of the catchment, and a small olivine-rich basalt flow that extends into the outflow 78 . To control for lithology, these discontinuities were excluded from this analysis (Fig. 1) . Johnston Draw has asymmetric aspects with 38% of the landscape with north-facing aspects and the remaining 62% with south-facing aspects. The relatively steep north-facing slopes average 16.8° compared to the south-facing slopes, which average 13.9°. The south-facing slopes have larger and more prevalent rock outcrops compared to the north-facing slopes, 11.3% of the south-and 6.9% of the north-facing aspects. The dominant soil transport mechanism is slow, grain to grain soil creep through freeze thaw and bioturbation by burrowing animals which is supported by a lack of landslides. Soils on the north-facing aspects are generally classified as Haploxerolls and Xeropsamments and Xerorthents on the south-facing aspects. Typical soil profiles characteristic of north-and south-facing aspects are shown in Supplemental Table S1 . In brief, the north-facing aspect profiles have a prominent series of dark A horizons, diagnostic of Mollisols, averaging 1 m but thickening in convergent zones to 1.75 m. Bioturbation by burrowing gophers and other animals is present through the A horizons; large macropores (~9 cm in diameter) filled with high organic matter content can often be observed on north-facing aspects. On south-facing aspects, less bioturbation is typically present, and soil profiles show less vertical variation in physical properties. There is little evidence of legacy landslides in the catchment; soil movement is primarily dominated by soil creep. study design and sampling. We initially randomly stratified site selection across six elevation band strata within the catchment and then later added sites to represent the full range of hillslope curvatures. We used a 3 m posting of a digital elevation model (DEM) derived from a 2007 Light Detection And Ranging (LiDAR) data set (https://doi.org/10.18122/B27C77) based on a sensitivity analysis described in Patton et al. 23 . We determined the location of soil pits using Real-Time (RTK) satellite-based Global Positioning Systems (GPS) (Topcon HiPer II, Tokyo, Japan) with an accuracy of less than 1 m. We determined thickness of the mobile regolith based on protocols described by others 54, 55 . In brief, we vertically excavated thirty-nine 1 m by 2 m soil pits to depths below the mobile-immobile regolith contact; we designated the lower boundary, the mobile-immobile regolith contact, based on the observation of original parent material structure including exfoliation sheets, planar flow fabrics, and jointing sets 56 . We performed basic soil descriptions on the soil pits using standard survey methods 57 . We then collected bulk soil pedon samples (~4 L) for laboratory analysis and basic soil characteristics based on the rocky nature of native dryland soils 79 . Initially, we sampled 30 representative soil pits and collected them based on genetic horizon. Due to the lack of horizonation and large variability in percent carbon measurements, we collected the remaining 9 sites by predetermined depths intervals: 0-5 cm, 5-10 cm, 10-20 cm, 20-30 cm, 30-50 cm, and every 25 cm increment thereafter. We tested for differences in method collection used (horizon versus depth interval) on the surface horizon (0-0.3 m) where we would have expected the greatest difference between methods, and the null hypothesis of equity could not be rejected for both north-and south-facing aspects. percent coarse fraction by volume. We dried bulk soil pedon samples and sieved them through a 2 mm stainless steel sieve. We separated the fine fraction (<2 mm) from the coarse fraction (>2 mm) to determine percent coarse fraction by weight. If variations in CF content are not accounted for, large uncertainties in SOC stocks may occur; however, uncertainties in percent CF and FF were low, ~5%, due to the large volume of bulk soil samples collected. We then converted coarse fraction by weight to volume using the mean coarse fraction density of 2.3 g cm −3 (S.D. ± 0.14), based on water displacement of coarse fraction material on >150 samples 80 .
percent soC and total nitrogen (tN). We prepared a sub-sample (20 g) of the fine fraction for percent SOC and TN analysis following standard protocols 81 . In brief, we removed roots, ground sample in a stainless steel ball grinder, packed and weighed 15-60 mg in tin capsules on a 6 pt microbalance, and analyzed them on a Costech ECS 4010 elemental analyzer interfaced to a Thermo Delta V Advantage continuous flow isotope ratio mass spectrometer (EA IRMS)(≤±0.2 standard deviation) at the Idaho State University's Center for Archaeology, Materials and Applied Spectroscopy (CAMAS). Standards of ISU Peptone, Costech Acetanilide, and DORM-3 are calibrated against international standards (IAEA-N-1, IAEA-N-2, USGS-25 , USGS-40, USGS-24, IAEA-600), and were used to create a two-point calibration. We tested all samples for soil inorganic carbon (SIC) by (1) www.nature.com/scientificreports www.nature.com/scientificreports/ hydrochloric acid to determine effervescence, (2) evaluating δ 13 C values, and (3) analyzing a subset of samples for SIC using a modified pressure-calcimeter method 60 . We found no evidence of soil inorganic carbon in any samples in this study.
Fine fraction bulk density. We randomly collected fine fraction bulk density (BD FF ) core samples within all soil pits utilizing the short core extraction method 82 . We hammered sample cores, approximately 5 cm in diameter by 5.5 cm in height, vertically down and extracted them using a soil knife. In all, 95 bulk density measurements were collected at depths ranging from 0 to 1.22 m representing the entire soil profile from the surface to the mobile-immobile regolith contact. We oven dried all bulk density cores for 24 hours at 105 °C and sieved them through a 2 mm stainless steel sieve in the laboratory to remove and determine the fine fraction (<2 mm) and coarse fraction (>2 mm) by mass (M FF and M CF , respectively). The combined weight of both the M FF and M CF is the total mass (M T ) in the core volume (V T ). The BD FF was calculated using Eq. 1, where the volume of the V CF was determined from water displacement and the V CF was subtracted from V T to calculate V FF .
To accommodate for 86 missing in situ measurements of BD FF (out of 181 total soil samples), we adopted the protocol by Patton et al. 80 . In short, the felsic equation (Eq. 2) utilizes percent SOC content for a given sample interval to total bulk density (BD T ). BD T estimates were then adjusted by removing site-specific CF mass and volume in the soil pedon sample to provide = .
± . × − . ± . Determining total profile SOC. We determined total profile SOC (g/cm 2 ) for each profile from Eq. 3: For aspect, we classified north-facing sites as those between 270° to 90° and south-facing sites as those between 90° to 270°, and we classified topography into divergent, planar, and convergent topographic regions based on a local hillslope curvature and aspect values that were derived from a geographical information system (GIS) (ArcGIS Map, Riverside, CA). Curvature was calculated as the rate of change in slope (as a percentage) from a fixed point relative to eight neighboring cells 44, 45 using geographical information system (ArcGIS v.10.2.2, ESRI, Redlands, CA). Note, the primary output of ArcGIS curvature values are derived from Moore et al. 45 and Zevenbergen et al. 83 , which use the negative curvature and percent convention. Like Patton et al. 35 , here we adjust ArcGIS primary output by −100 to retain consistency with the geomorphic literature. We divided the curvature distribution into divergent (>−0.01 m ) regions. Each of these regions represents approximately one-third of the total land area. We performed one-way ANOVA tests to determine statistical significance of aspect and topographic regions using JMP Pro 12.1.0 statistical software (JMP, Marlow, Buckinghamshire, UK).
BD
Curvature-soC relationships. We separated all sites into north-or south-facing sites as described above and then randomly selected 70% of the north-and south-facing site locations to evaluate the relationship between the hillslope curvature and total SOC for each aspect. We used a linear regression function with curvature as the explanatory variable and total SOC as the response variable. Uncertainty in curvature was propagated vertical based on reported LiDAR flight metadata according to the equations from Moore et al. 45 and Zevenbergen et al.
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. Standard error was determined using the Method of Moments by varying the correlation in uncertainty between elevations of adjacent cells between −1 and +1. In this analysis, we assumed correlation between uncertainty of neighbor and center cell points was 0 (r = 0). Hillslope curvature uncertainty was calculated for a 3 m and 5 m DEM, 0.0169 m −1 and 0.0061 m −1 , respectively. One soil pit was considered an outlier due to its close proximity to an incised channel and rock outcrop. We used the remaining 30% of pit locations as a validation set to evaluate the goodness of fit of the model. Predicted total SOC and their confidence intervals (95%) were compared to the observed total SOC. To evaluate the spatial distribution of total SOC within the catchment, we applied the two linear functions for each aspect to a 3 m DEM curvature using ArcGIS Spatial Analyst "raster calculator" tool. We determined the total sum of the carbon stocks for the entire catchment, north-and south-facing aspects, and divergent, convergent and planar topography using ArcGIS Spatial Analyst "zonal statistics" tool. We limited our research to the hillslope portions of the catchment dominated by diffusion-like processes such that all rock outcrops and stream channels (accumulation area ≥6000 m 2 ) were not included in the estimates of total SOC inventories. www.nature.com/scientificreports www.nature.com/scientificreports/ Determining catchment total soC at commonly sampled depths. To determine total SOC stocks found at predetermined depths across the entire Johnston Draw catchment, we calculated SOC stocks for all model and validation soil pits at 0.05 m, 0.1 m, 0.3 m, 0.5 m, and 1.0 m. We then built curvature-SOC relationships for northand south-facing aspects from model sites for each depth. We assumed that the curvature-SOC functions built from 0.05 m, 0.01 m, 0.3 m, 0.5 m, and 1.0 m represented only the total SOC stocks found at those specified depths. We evaluated each function with the validation set using four evaluation indices: coefficient of determination (R 2 ), root mean squared error (RMSE), mean prediction error (MPE), and standard deviation of prediction error (SDPE). MPE is used to describe the magnitude of over-(positive values) or under-estimation (negative values). SDPE represents the variability in the predictions after correcting for MPE. RMSE describes the overall error in the predictions. Validation sets with the lowest absolute RMSE, SDPE, and MPE values are ideal, and R 2 closer to 1 are preferred.
Comparing methodologies for distributing total soC. We compared our bottom-up SOC-curvature approach against other commonly used extrapolation methods, kriging with barriers and regression kriging, as well as the rapid total SOC budget approach presented here. We assessed these techniques using data through the entire soil profile. We compared the total estimates of SOC inventories for the entire catchment, north vs. south-facing aspects, and local curvature, and evaluated the spatial distribution across Johnston Draw using the same evaluation indices described in the previous section. We used the same 28 soil pits to build the kriging models and then evaluated all predictive models using the same independent validation subset (11 soil pits). Kriging with barriers, performed with ESRI ArcGIS Spatial & Geostatistical Analyst (https://www.esri.com/en-us/home), used a non-Euclidean interpolation approach that specified rock outcrops as barriers between measured locations and predictions, thus excluding them from the analysis, and a Gaussian kernel function based on lowest root mean squared errors (RMSE) as a smoothing factor. The regression kriging model's semivariogram was generated in R studio (Boston, MA) using the previously established relationship between hillslope curvature and total SOC, and subsequently universal kriging was used to interpolate soil carbon predictions informed by this relationship. Lastly, the rapid SOC budget approach takes advantage of observation that the curvatures are normally distributed and centered around planar surfaces (0 m −1 ). Thus, for each aspect, a single total profile SOC estimate from a planar surface represents the average total profile SOC stock for an area of interest. We selected two pits of identical TMR (1.04 m) located on planar surfaces of both the north-and south-facing aspects. The north-facing site had 15. . These values were distributed evenly across their respective aspects. The rapid carbon budget approach provides a quick and conservative estimation of the SOC stock while requiring limited sample sites.
Cross-site comparison. We compiled soil thickness, hillslope curvature and total SOC stocks in Table 1 using Data Thief III 84 for comparable datasets. These sites were all dominated by slow diffuse soil creep processes and had relatively low episodic soil movement events but varied in lithology, biology, and climate. We resampled from the original 1 m DEM to a larger 5 m resolution because most of the other datasets were collected at this scale. We compared SOC stocks to curvature and soil thickness for all sites, and evaluated the resulting functions on significance at α = 0.05 for all statistical tests. Residuals were examined for normality and structure as well as spatial dependence.
